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to	dietary	 intake,	physical	 activity,	GM,	and	host	metabolome	patterns.	 Strikingly,	






metabolome interactions may allow establishing therapeutic approaches to delay 
and	possibly	revert	comorbidities	of	aging.
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1  | INTRODUC TION







dietary and daily physical activity recommendations are currently avail-






During	the	 last	decade,	 the	gut	microbiota	 (GM)	has	been	recog-
nized	as	a	signaling	hub	that	integrates	dietary	habits	with	genetic	and	
immune	signals	 throughout	 life	 (Thaiss,	Zmora,	Levy,	&	Elinav,	2016).	
Many	inflammatory	and	metabolic	disorders,	such	as	obesity,	diabetes,	













changed	 dietary	 habits	 and	 altered	 GM	 and	 metabolic	 signatures	









tures	were	 found	 to	correspond	with	 frailty	 indexes	 in	a	 large	co-
hort	of	older	adults,	whose	GM	composition	were	inherently	driven	
by	dietary	 patterns	 (Claesson	 et	 al.,	 2012).	Moreover,	metabolites	
related	 to	 GM	 metabolism	 (e.g.,	 p-cresol	 sulfate,	 indoxyl	 sulfate),	







identifying	 key	 components	 of	 such	 multifactorial	 processes	 may	








ings	demonstrate	 that	 physical	 fitness	 and	 function	 corresponded	












individual,	 anthropometric,	 body-composition	 and	physical	 perfor-




2.2 | Stratification of subjects according to physical 





K E Y W O R D S
aging,	energy	and	dietary	fiber	intake,	gut	microbiota,	host	metabolome,	physical	fitness,	
proinsulin-C-peptide




For	 stratification,	 hierarchical	 clustering	 analysis	 of	 principal	
component	analysis	(HCP-PCA)	within	sexes	was	used	to	determine	
two	 fitness	phenotypes	 [high	 (HF)	 (n	 =	116)	 and	 low	 (LF)	 (n	 =	91)	
(Figure	1a,b,	Table	2)].	To	this	end,	physical	fitness	was	not	defined	
as	an	outcome,	but	instead	used	as	a	reference	to	generalize	phys-
ical	 performance	 within	 the	 study	 participants.	 All	 participants	













habitual	daily	 activity	 for	LF	phenotypes	was	 found	 to	be	within	
recommended	ranges	 (taking	approximately	7,000–10,000	steps/
day	(Tudor-Locke	et	al.,	2011)),	resembling	the	average	of	the	adult	
Danish	population	 (8,311	±	3,125	 steps/day,	 age	of	18–75	years)	
(Matthiessen,	 Andersen,	 Raustorp,	 Knudsen,	 &	 Sørensen,	 2015),	
and	markedly	outperformed	by	HF	subjects	(Figure	1d).
2.3 | Dietary food intake in relation to fitness-state
Using	 3-day	weighted	 food	 records	 (3d-WFR)	 (Schacht	 et	 al.,	 2019),	
the	 daily	 average	 energy	 and	 macronutrients	 intake	 were	 quanti-
fied.	On	average,	the	energy	intake	per	person	was	24.5	±	7.4	(range	
TA B L E  1  Description	of	the	study	participants























measurements distribution among 
phenotypes	and	sexes.	(c)	4-day	activity	














Leg-soft-tissue fat % (LST%)
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Functional 




20.6	±	5.0 15.7	±	3.1 <.001 10–16b 65−74	yearsb
BMI 22.4	±	2.1 28.9	±	3.3 <.001




22.9	±	4.4 18.3	±	3.9 <.001 12–18b 65−74	yearsb
BMI 24.0	±	2.2 28.3	±	3.1 <.001




TA B L E  2  Within	sex	summary	of	ABP	
measurements	used	for	stratification	of	
phenotypes













subjects complying with recommended 
carbohydrates distribution ranges. 
The	gray	areas	correspond	to	
nonrecommended ranges as suggested by 
the	Nordic	Nutrition	Recommendations.	
(f)	Proportion	of	subjects	complying	
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of	11.5–55.2)	Cal	kg	body	weight−1 day−1.	Protein	contributed	less	of	
the	energy	intake	(18.9%	±	4.1,	range	9%–36%)	compared	to	the	aver-
age	energy	 intake	of	 fat	 (36.7%	±	7.3,	22%–64%)	and	carbohydrates	
(44.4%	±	7.7,	17%–66%)	expressed	as	percentage	of	total	energy	intake.
Total	 energy	 consumption	 per	 kg	 body	weight	 (Figure	 2a)	 dif-
fered	significantly	(p	<	.001)	between	phenotypes,	with	an	average	
daily	 intake	of	29.3	Cal	 kg	body	weight−1 day−1	 in	HF	phenotypes	
versus.	23.1	Cal	kg	body	weight−1 day−1	in	LF	phenotypes.	The	higher	






































































































































not	 comply	with	 the	 recommended	minimum	proportion	of	energy	





cutoff	 (Black,	2000),	46	under-reporters	 (UR)	and	 two	over-report-
ers	 (OR)	of	energy	intake	were	identified.	Nonetheless,	 if	excluded,	





2.4 | Characterization of GM and correspondence 






















cies-level	 abundance	 showed	 significant	 correspondence	 (p	 =	 .04)	




fiber	 (Figure	3f)	steps	per	day	 (Figure	3g),	and	BMI	 (Figure	3h)	 re-
flecting	fitness	phenotypes.	Using	regularized	canonical	correlation	
(rCC)	analysis	associations	between	those	 lifestyle	covariates	 (e.g.,	
dietary	 factors	 and	 physical	 activity)	 with	 161	 microbial	 species	
were	disclosed	(Figure	3i,	Figure	S3)	explaining	<5%	and	13%	of	the	
total	variance	of	the	microbiota	and	lifestyle	covariates,	respectively	
(Figure	S3a,b).	 Increased	 intake	of	 energy,	 starch,	 dietary	 fiber,	 as	
well as steps per day correlated positively with the relative abun-
dance	of	up	 to	103	of	 those	 species	 (e.g.,	 higher	Bifidobacteriales	
abundance)	and	correlated	negatively	with	BMI	(e.g.,	Proteobacteria	
being	signatures	for	high	BMI)	(Figure	3i,	Figure	S3b).
2.5 | Host metabolic state in relation to fitness and 
dietary intake
Untargeted	 gas	 chromatography–mass	 spectrometry	 (GC-MS)	
metabolomics	 of	 human	 fecal	 extracts	 and	 blood	 plasma,	 as	 well	
as	 targeted	 SCFA	 analysis	 using	 GC-MS	 generated	 a	 total	 of	 304	
analytes	 (181	analytes	 in	the	fecal	and	123	analytes	 in	the	plasma	
metabolome).	 Nearly	 half	 of	 the	metabolites	 variables	were	 iden-
tified,	 either	 at	 level	 1	 or	 level	 2	 according	 to	 the	Metabolomics	
Standards	Initiatives	(Sumner	et	al.,	2007).	These	metabolites	were	
monosaccharides,	amino	acids,	organic	acids,	sterols	and	long-,	and	
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short-chain	fatty	acids.	In	addition,	31	biomarkers	for	immunological	
function,	 renal	and	 liver	 function,	as	well	 as	glucose	and	 lipid	me-
tabolism	were	acquired	through	blood	clinical	profiling.
Correspondence	analysis	on	 the	combined	metabolome	blocks	
showed	weak	 discrimination	 of	 sexes	 (Figure	 4a)	 and	 pronounced	
discrimination	 between	 fitness	 phenotype	 (Figure	 4b)	 based	 on	
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their	metabolic	profile.	Variations	 in	metabolome	composition	cor-
responded	clearly	(p	<	.05)	with	energy	intake	and	consumption	of	
dietary	 fiber,	 starch,	 simple	 sugars	 (Figure	 4c–f),	 as	 well	 as	 steps	
per	day	and	hours-standing-per-day	(Figure	4g,h,	including	stratify-
ing	variables:	BMI	(Figure	4i),	chair	stand	and	LST%,	Figure	S4a,b).	
Likewise,	 rCC	 analysis	 showed	 significant	 associations	 between	
lifestyle	 covariates	 and	 34	 clinical/metabolic	 variables	 (Figure	 4j),	
explaining	 9%	 and	 15%	 of	 the	 total	 variance	 of	 the	 metabolome	
and	 lifestyle	 covariates,	 respectively	 (Figure	 S4c).	 The	 strongest	





parameters	 (proinsulin,	 glucose	 HbA1c,	 HbA1c),	 lipid	 metabolism	
(triglycerides,	vLDL)	and	renal	function	(creatinine,	 inversely	to	es-





(O/B-CFA)	 in	 the	 fecal	 samples	did	not	differ	according	 to	pheno-
types	(p	>	.13)	or	dietary	intake	factors	(Figure	4l,m).
2.6 | Dietary intake, gut microbiota, and metabolic 
signatures explain fitness levels independently from 
physical activity
Characterization	 of	 subjects	 after	 variable	 selection	 based	 on	
Random	 Forest	 and	 backward	 elimination	 procedure	 selected	 55	
variables	(Figure	5a,b)	that	discriminate	the	two	phenotypes	with	a	
high	 level	of	accuracy	 (Figure	5c,d).	The	features	 included	25	bac-
terial	 species	 belonging	 to	 seven	 bacterial	 orders	 (Clostridiales,	
Saccharibacteria,	 Bacteroidales,	 PAC001057,	 Enterobacterales,	
Erysipelotrichales,	and	Bifidobacteriales),	seven	dietary	components	
(energy,	saturated	fatty	acids,	simple	sugars,	starch	and	dietary	fiber	
intake,	 and	 energy	 derived	 from	proteins	 and	 carbohydrates),	 and	
five	 clinical	 biomarkers	 (alanine	 transaminase,	 triglycerides,	 vLDL,	
fasting	proinsulin,	average	blood	glucose/HbA1c).	In	addition,	seven	






















ing	 the	 physical	mechanisms	 and	 lifestyle	 conditions	 linked	 to	 fit-
ness	and	independence	in	older	adults	becomes	a	relevant	field	of	
research.




ing	 in	two	fitness	phenotypes	 (LF	and	HF)	that	differed	 in	dietary,	
GM,	host	metabolome	signatures	and	physical	activity.
In	regard	to	the	dietary	intake,	HF	subjects	were	characterized	
by	a	higher	 consumption	of	 foods	of	plant	origin	as	also	 reflected	
by	 their	 higher	 levels	 of	 total	 carbohydrates	 (i.e.,	 starch,	 simple	
sugars)	 and	 dietary	 fiber,	 accompanied	 by	 a	 higher	 adherence	 to	
the	recommended	intake	of	carbohydrates	and	dietary	fiber	intake	
given	by	the	Nordic	Nutrition	Recommendations	(Nordic	Council	of	
Ministers,	 2012).	 These	differences	were	observed	 in	 spite	of	 the	
methodological	limitations	of	3d-WFR	to	capture	long-term	variabil-
ity	 (Yang	et	al.,	2010).	Furthermore,	whether	awareness	of	dietary	
guidelines	 influenced	 the	selection	of	dietary	choices	 in	 the	study	




parable	 to	 that	 reported	 for	 a	 representative	 sample	 population	
of	older	adult	 community-dwelling	Danes	as	well	 as	 for	communi-
ty-dwelling	Western	 elderly	 in	 general	 (Schacht	 et	 al.,	 2019).	 This	
indicates	that	the	food	intake	generally	is	comparable	in	our	study	







host	metabolome,	 dietary	 intake,	 and	 daily	 physical	 activity	 were	
able	 to	 strongly	 discriminate	 and	 explain	 variation	 between	 phe-
notypes,	 thereby	 indicating	 their	 strong	 association	 with	 physical	











GM	members	commonly	known	for	 their	protective	 roles,	 such	as	




biomarkers	 and	 a	 higher	 relative	 abundance	 of	 pro-inflammatory	

















Short-chain	 fatty	 acids	 derived	 from	 GM	 activity	 have	 been	













adults may not be primarily dependent upon changes in the pro-
duction	of	these	compounds.	Instead,	this	could	be	due	to	signals	
of	 glucose	metabolism	 deterioration	 as	 reflected	 by	 significantly	
(p	 <	 .001)	 higher	 proinsulin	 levels	 and	 higher	 average	 blood	 glu-







ditions,	 compromising	muscle	 strength	 and	physical	 performance	
(Segerström	et	al.,	2011).	Proinsulin	was	the	most	important	feature	
of	phenotype	discrimination	and	corresponded	inversely	with	the	
abundance	 of	Bifidobacterium adolescentis	 and	 several	 species	 of	
Christensenella,	and	Ruminococcaceae	(Figure	5a),	strongly	indicat-
ing	 that	GM-proinsulin	 interactions	could	be	mediators	of	 fitness	
phenotype. Bifidobacterium	species	(including	B. adolescentis)	have	
previously	 been	 described	 as	 promoters	 of	 adiponectin	 and	 de-
creasing	expression	of	interleukin-6,	both	playing	prominent	roles	





Furthermore,	 while	 playing	 a	 protective	 role	 against	 inflamma-
tion,	 some	Clostridiales	members	 act	 as	 promoters	 of	 regulatory	
T	 cells	 by	 interacting	with	 toll-like	 receptors	 2	 (TLR2)	 on	 intesti-
nal	 epithelial	 cells	 (Kashiwagi	 et	 al.,	 2015).	 Contrarily,	 species	 of	
Enterobacterales	have	been	consistently	 linked	with	 insulin	 resis-
tance	and	inflammatory	responses	(Fei	&	Zhao,	2013;	Khan	et	al.,	
2014),	and	by	means	of	cell	epitopes	 (i.e.,	LPS)	 they	 interact	with	





tioning	 community-dwelling	 older	 adults,	 particularly	 as	 a	 driver	
of	GM	and	glucose	metabolism	 interactions.	We	are	aware	of	 the	







the	central	 role	of	diet	 toward	 the	onset	of	physical	deterioration	
and	its	implications	prior	to	clinical	manifestations	of	frailty,	for	ex-
ample,	 muscle	 composition	 and	 diminished	 strength	 (Xue,	 2011).	
Many	of	the	dietary,	GM,	and	metabolomic	signatures	seen	in	frail	
older	 adults	 (Bodogai	 et	 al.,	 2018;	 Claesson	 et	 al.,	 2012;	 Kong	 et	
al.,	 2016;	 Lustgarten	 et	 al.,	 2014)	 are	 already	 evident	 in	 the	 non-
frail,	 community-dwelling	older	adults	of	 low-fitness	of	 this	study,	
pointing	at	the	 importance	of	early	 intervention	strategies,	also	 in	
this	age	group.	Thus,	in	view	of	these	findings,	developing	strategies	
to improve awareness and adherence to dietary recommendations 
(complying	with	dietary	reference	intakes	or	even	with	personalized	
nutrition	 (Zeevi	 et	 al.,	 2015)),	 targeting	 the	 regulation	 of	GM	and	
host	metabolome	interactions,	can	open	opportunities	to	delay	the	
comorbidities	of	aging.
4  | E XPERIMENTAL PROCEDURES
4.1 | Study participants
Two	hundred	and	seven	subjects	 (65+	years	of	age)	were	selected	
at	baseline	of	 the	CALM	 intervention	project	 following	previously	
described	 criteria	 (Bechshøft	 et	 al.,	 2016).	 Participants	 were	 not	
allowed	to	take	part	 in	any	organized	sports	or	 resistance	training	
more	than	once	a	week,	did	not	suffer	from	defined	metabolic-,	tis-
sue-,	 or	 gastrointestinal	 disorders,	 nor	were	prescribed	 antibiotics	
3	 months	 prior	 sample	 collection	 and	 enrollment.	 Medication	 re-
cords	of	participants	were	documented	and	summarized	over	blood	
pressure	 lowering,	 statins,	 proton-pump	 inhibitors,	 antihistamine,	
anti-inflammatory	medications,	and	dietary	supplements	 (including	
fish	oil,	vitamins,	and	calcium).
4.2 | Ethics approval and consent to participate
Procedures	 of	 the	 CALM	 project	 (Clinical	 Trials	 NCT02115698)	
were	 approved	by	 the	Danish	Regional	Ethical	Committees	of	 the	
Capital	Region	(J-nr.	H-4-2013-070)	and	performed	according	to	the	
Declaration	of	Helsinki	 II	 and	 the	experimental	 designed	 followed	




4.3 | Samples and metadata collection
At	 baseline,	 study	 participants	 completed	 a	 3-day	 weighted	 food	








4°C	 for	maximum	48	 hr	 after	 voidance	 and	 stored	 at	 −60°C	 until	




formed:	 complete	 blood	 count	 (CBC),	 proinsulin-C-peptide	 (P-CP),	
glycosylated	 hemoglobin	 (HbA1c),	 coagulation	 factor,	 estimate	 glo-
merular	filtration	rate	(eGFR),	thyroid-stimulating	hormone	(TSH),	and	






chair	was	 recorded.	Relative	 leg-soft-tissue	 fat%	 (LST%)	was	deter-
mined	as	an	estimate	of	leg-soft-tissue	fat-free	and	fat	mass	based	on	
a	dual-energy	X-ray	absorptiometry	(DXA)	scan	(Lunar	 iDXA	Forma	






4.4 | Quantitative questionnaires on food habits
Quantitative	 questionnaires	 contained	 information	 on	 food	 habits,	


















fluence	 of	 covariates	 (e.g.,	 dietary	 components	 and	 BMI)	 on	 data	
blocks	 (GM	 and	 metabolome)	 were	 assessed	 with	 (Constrained-)	











into	 training	 (70%)	 and	 test	 sets	 (30%),	 keeping	 this	 proportion	
over	 the	number	of	subjects	within	each	fitness	group	for	every	
split.	 For	 a	 given	 training	 set,	 the	 party	 R	 package	 (Hothorn,	
Hornik,	Strobl,	&	Zeileis,	2019)	was	run	for	feature	selection	using	
unbiased-trees	 (cforest_unbiased	 with	 6,000	 trees)	 and	 AUC-








diction	 could	 no	 longer	 improve.	 Variation	 partitioning	 of	 strat-
ifying	variables	 (BMI,	CS,	 and	LST%)	based	on	 selected	 features	
derived	 from	the	different	datasets	 (i.e.,	GM,	diet,	host	metabo-
lome,	physical	activity)	was	performed	using	redundancy	analysis	
(RDA)	 (Oksanen	 et	 al.,	 2019).	 All	 statistical	 analyses	 were	 per-
formed	in	R	versions	≤3.6.0.
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